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background, what to study
neural networks, convolutions
mobile image recognition

next steps
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-1) python, roulette

0) calc/linear algebra basics

1) coursera, keras + tensorfilow
2) fast.ai 2018 sequence, pytorch

3) read, practice, get into real worlid



0) math + cpu + tools

1) basic vm’s (coursera, paperspace)
2) cloud software (aws, gcp)

3) edge: mobile devices/embedded

4) custom hardware (tpu, volta, asic)



* supervised
* unsupervised

 reinforcement

THIS 1S YOUR MACHINE LEARNING SYSTEM?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSLJERS ON THE OTHER SIDE.

WHAT IF THE ANSLERS ARE WRONG? )

JUAT STIR THE PILE UNTIL
THEY START LOOKING RIGHT.




an input (numbers, image, audio, video)
known data (supervised learning)
combine to produce function/black box
train model, use on unknown data

goals: quality, size, complexity



» points —> slope ==
linear regression

* think of adding all
the points you
have as one epoch




1 layer, 1 node nn == perceptron
2 layer, x nodes nn == neural network
feed forward neural network

tensorflow.js mnist layers example



https://js.tensorflow.org/tutorials/mnist.html
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 convolution == matrix math == a[x] + b

* transform[image] + offset == i1 —> i2




* [LxM] =>
[MxN]

- data A —>
data B

Convolution Kernel (Blur)




conv: 3x3 striding

break input image into smaller chunks
 ¢s231n.github.io

+ deepfish
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http://cs231n.github.io

» striding produces a lot of samples

 next: downsample the data!

Single depth slice

max pool with 2x2 filters
and stride 2
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- 2017 talk: basic nn, vgg, inception,
resnet, mobilenets, (yolo)

 general: densenet, darknet, unet

 mobile: squeezenet, mobilenets v1,
shufflenet, senet, mn v2, nasnet mobile
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1x1 convolution filters

2016

fire modules

turicreate

SMB —> 809% accuracy



depthwise
separable
convolutions

april 17, paper
tf-lite demo

createml
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MobileNet
AlexNet
GoogleNet
VGG 16

ResNet-152
VGG-16 VGG-19



1x1 GConv 1x1 GConv

BN RelLU BN RelLU

Channel Shuffle Channel Shuffle
3x3 AVG Pool
)

BN RelLU

3x3 DWConv (stride = 2)

3x3 DWConv
BN ReLU BB (stride = 2

BN
1x1 GConv 1x1 GConv
BN BN

¢ ReLU

(b)

« 2017, pointwise depth convolutions + channel shuffle

« https:/medium.com/syncedreview/shufflenet-an-
extremely-efficient-convolutional-neural-network-for-
mobile-devices-72c6f5b01651



https://medium.com/syncedreview/shufflenet-an-extremely-efficient-convolutional-neural-network-for-mobile-devices-72c6f5b01651
https://medium.com/syncedreview/shufflenet-an-extremely-efficient-convolutional-neural-network-for-mobile-devices-72c6f5b01651
https://medium.com/syncedreview/shufflenet-an-extremely-efficient-convolutional-neural-network-for-mobile-devices-72c6f5b01651

Figure 1: A Squeeze-and-Excitation block.

+ squeeze + excitation networks (2018)

* https:/www.robots.ox.ac.uk/~vqqg/
publications/2018/Hu18/presentation.pdf



https://www.robots.ox.ac.uk/~vgg/publications/2018/Hu18/presentation.pdf
https://www.robots.ox.ac.uk/~vgg/publications/2018/Hu18/presentation.pdf

(a) Regular (b) Separable

Regular Convolutio

(¢) Separable with linear (d) Bottleneck with ex-
bottleneck pansion layer

2018, tensorflow lite

http:/machinethink.net/blog/mobilenet-v2/


http://machinethink.net/blog/mobilenet-v2/
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* nasnet, nasnet mobile (2017)

- automl, amoebanet (2018)



look to the wi

“Notice all the computations, theoretical
scribblings, and lab equipment, Norm. ...
Yes, curiosity killed these cats.”




 upcoming 1.0 release (october 2018)
» pytorch —> onnx —> caffe

 mxnet, cntk, coreml interop



eager execution —> tf2

swift type safety + llvm + |attner +
google —> cool stuff

tpu demo, tf dev conference

scale by the bay talk: nov 17th



recurrent neural networks
gan/rl —> ?? —> $$
language models



